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1. Introduction and literature review 
The predictability of asset returns has long drawn the attention of both academics and 
practitioners. Various forms of predictability have been tested for: cross-sectional return 
predictability based on equilibrium models such as CAPM or APT, time series return predictability 
emerging from seasonal patterns in returns, and time series predictability arising from return 
autocorrelation.1 In this paper, we rely on the findings of the literature addressing autocorrelation in 
returns in order to establish empirical evidence on the patterns and sources of cross-autocorrelations 
for stocks listed on the Warsaw Stock Exchange (WSE). 
In their seminal paper, Lo and MacKinlay (1990) found that returns on large portfolios 
(consisting of high capitalization stocks) predict future returns on small (low capitalization) 
portfolios, but not vice versa. This asymmetric cross-autocorrelation structure has been termed a 
(size-related) lead-lag relationship and attributed either to the slower adjustment of small stocks to 
market-wide news (Brennan et al., 1993, Badrinath et al., 1995, Brennan et al., 1998, and Chordia 
and Swaminathan, 2000) or to differences in the quality of firm specific cash-flow information (Yu 
and Wu, 2001).  
These findings were followed by a debate on the sources and importance of own- vs. cross-
autocorrelations in returns (Boudoukh et al., 1994). On the one hand, it has been argued that the 
lead-lag effects reported by Lo and MacKinlay are spurious and can be explained in terms of the 
assets’ own autocorrelations (Boudoukh et al., 1994, Hameed, 1997, and Conrad, Gultekin, and 
Kaul, 1991). On the other hand, the autonomy of cross-autocorrelations has been confirmed, and 
other dimensions of a lead-lag relationship, beyond size, have been sought. For example, Brennan et 
al. (1993) find that the number of investment analysts following a stock increases the speed of 
adjustment of the stock’s price to common news, thereby giving rise to lead–lag patterns in returns 
between stocks with high and low analyst coverage. Badrinath et al. (1995) find that the level of 
institutional ownership plays an important role. Namely, returns on stocks held by (informed) 
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 2 
institutional traders are found to lead returns on stocks held by (uninformed) non-institutional 
investors. This effect persists even after controlling for the size leadership effect.  
Moreover, various studies find trading volume to be a significant determinant of returns.2 
Chordia and Swaminathan (2000) find high volume portfolio returns to lead low volume portfolio 
returns, i.e. volume-related leadership. These authors report that volume and size leadership exist 
independently from each other (also Richardson and Peterson, 1999). In addition, Desai and 
Tavakkol (2001) find that the size effect is stronger than the volume effect.  
A theoretical model providing an economic rationale for the asymmetry of the 
aforementioned lead-lag effects is presented by Chordia and Swaminathan (2004). These authors 
demonstrate that, for investors with information on a limited number of stocks and costly arbitrage, 
prices on stocks with more informed trading adjust faster to common news, giving rise to a lead-lag 
relationship. The number of informed investors depends on the costs of becoming informed and the 
number of liquidity traders. Empirical evidence shows that variables such as size, volume, analyst 
coverage, institutional holding, and bid-ask spread capture either trading or information-gathering 
costs, thus being good proxies for informed trading causing the lead-lag patterns. 
Furthermore, two additional aspects of the lead-lag relationship are of relevance. First, 
McQueen et al. (1996) show that the lead-lag relationship is stronger for up (with positive market 
return) than down (with negative market return) markets due to the sluggish adjustment of small 
stocks to positive market-wide news. Second, Conrad et al. (1991) find variance shocks to the large 
stocks to lead the variance of the small stocks, i.e.  size-related lead-lag effects in volatility. 
In this paper, we study the nature of own- and cross-autocorrelation in returns and volatility 
for stocks traded on the Warsaw Stock Exchange (WSE) during the period 1996-2000. We argue 
that an analysis of an emerging capital market can also be of relevance for those concerned with 
mature stock exchanges. Previous empirical studies of the correlation structure discussed above 
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 Amihud and Mendelson (1986) and Brennan and Subrahmanyam (1996) show that expected stock returns are 
(negatively) affected by liquidity. Datar et al. (1998) and Brennan et al. (1998) report a significant relationship between 
liquidity and expected returns, even after controlling for other risk factors including market size. 
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focused exclusively on the U.S. market. Hence, there is a risk that these results are of relevance 
only for the U.S. market, and that the underlying theories fail to explain stock return behavior if 
confronted with the “out of sample” data in a broader, international context. To provide a 
robustness check for whether the previous findings are valid universally, we analyze a market that 
differs from the American one in at least three respects. First, we use price and volume data from 
the single auction system on the WSE, which is in contrast to the earlier studies on U.S. markets 
that analyzed stocks traded in continuous trading systems. One could expect differences in 
information assimilation by stock prices and, hence, in price behavior due to the difference in the 
nature of price setting between these trading systems: a discrete versus a continuous one. Second, 
we intentionally analyze an emerging stock market at its early stage of development, as it was 
shown in many studies to be informationally inefficient (e.g. Filer and Hanousek, 1999, Chun, 
2000, Horsewood and Sutherland, 2001, Glimore and McManus, 2003), and thus different from the 
U.S. market analyzed elsewhere. Third, the WSE has institutional and regulatory settings different 
from those of the stock exchanges previously analyzed. The possible similarities between the 
mature and the post-communist emerging Polish capital market might also be of interest in the 
context of the EU eastward enlargement, as it sheds light on the degree of financial market maturity 
in one of the new EU members. 
We perform an empirical analysis of stocks listed on the WSE. For the size- and volume-
related lead-lag relationships, we investigate whether own- and cross-autocorrelations are 
independent from each other. Moreover, we study the question of whether the volume- and size-
related effects are independent. We also control for the possible cross-sectional spillovers in the 
conditional volatility, as suggested by Conrad et al. (1991), as well as for the differences in lead-lag 
patterns in up and down markets, as shown by McQueen et al. (1996). Last, we explore whether the 
differences in the adjustment speed to market-wide news by securities that differ in size and volume 
can explain the lead-lag patterns in portfolio returns. 
We find that, for stocks listed on the WSE, both return- and volatility-related cross-
autocorrelations remain even after controlling for own autocorrelations. We also find evidence for 
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significant volatility spillovers from large to small and high to low volume portfolios, as well as 
evidence on asymmetric return patterns in up and down markets. Further analysis indicates that both 
volume- and size-related lead-lag patterns can be partially explained by the slower adjustment of 
small (low volume) portfolios to common news. Size- and volume-related effects are independent 
from each other. However, our results suggest that size and volume capture only a fraction of 
informed trading and that other factors, such as analyst coverage or institutional ownership, might 
be other important proxies for informed trading, further explaining lead-lag patterns in stock 
returns.  
The remainder of this paper is organized as follows. In Section 2, the trading system on the 
WSE is described, descriptive statistics are presented, and the methodology is discussed. In Section 
3, results from the empirical analysis are presented. Conclusions follow in Section 4. 
 
2. Trading system, data, and methodology 
2.1. Trading system 
Trading on the Warsaw Stock Exchange (WSE) was re-established on April 16, 1991. Initially 
trades of five stocks took place in the single-price auction system once a week. Gradually new 
stocks were introduced, and trades were extended to five days a week. On July 11, 1996, a 
continuous trading system was launched, and trading of selected highly liquid stocks took place in 
both the single-auction and the continuous trading systems. However, the former system remained 
more liquid. In addition, off-session block trades took place. With the introduction of a new trading 
system (WARSET) on November 17, 2000, each stock was attributed to one of three trading 
systems: the continuous trading, the single-price auction with one auction, and the single-price 
auction with two auctions per day. At the end of 2001, there were 230 companies listed on the 
WSE, accounting for a market capitalization of approximately USD 25 billion, with total daily 
turnover of USD 186 million. 
2.2 Data 
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To conduct our analysis, we utilize daily data from the WSE, for the period January 1996 - 
October 2000.3 The main index return, WIG, rose from 7,725 to 15,597 points during this period, 
achieving a maximal value of 22,868 points on March 27, 2000. Out of 947 daily observations, we 
recorded 495 positive and 452 negative market returns. The average daily return was 0.00016 
(0.01338 for up and -0.01431 for down markets), with a standard deviation of 0.01901 
(0.01249/0.01361), minimum value of -0.09775 (0.00002/-0.09775) and maximum of 0.08213 
(0.08213/-0.00002). Daily market returns show skewness of -0.24612 (1.72330/-2.16366) and 
kurtosis of 2.64301 (4.00143/7.49190), with 1-st order autocorrelation of 0.12551 (-
0.00368/0.18560). There is no convincing evidence in the literature that crises originating in other 
emerging markets during this period had a significant long-term impact on the WIG behavior 
(Galos and Sahay, 2001, Krzak, 1999, Scheicher, 2001) and thus biased our results. 
The analysis is based on the daily prices of shares traded in the single auction system. We 
form two sets of portfolios. To analyze the size-related lead-lag relationship independently from the 
volume effects, we form three pairs of portfolios, with each pair containing two portfolios of equal 
volume but different size, as follows. First, portfolios are formed by ranking companies based on 
their average trading volume in the previous year and then divided into three portfolios with low, 
medium, and high volume. Next, within each volume portfolio, two size portfolios (small and large 
capitalization) are formed by ranking the companies based on their average market capitalization in 
the previous year.4 These portfolios are re-formed each year, including newly listed stocks, and 
referred to as volume-size sorted portfolios. To analyze the volume-related lead-lag relationship 
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independently from size effects, we form three pairs of portfolios, with each pair containing two 
portfolios of equal size but different volume, analogously to the way we built the volume-size 
sorted portfolios. These other portfolios are referred to as size-volume sorted portfolios.5 We use the 
turnover ratio (ratio of the number of shares traded to the number of shares outstanding) as a 
measure of volume.6 The number of securities in each portfolio varies from 12 in 1996 to 34 in 
2000. 
Daily returns of each portfolio are computed as the equally-weighted average of daily stock 
returns defined as the percentage change in daily price.7 To account for the possible risk of spurious 
autocorrelation of returns resulting from non-synchronous trading, we follow Chordia and 
Swaminathan (2000) and exclude returns at day t and t-1 of shares that did not trade at day t when 
computing portfolio returns. Descriptive statistics for two sets of portfolios are presented in Tables 
1A and 1B.  
TABLES 1A AND 1B ABOUT HERE 
The motivation behind forming two sets of portfolios was to analyze the influence of only one 
factor (size or volume) on the correlation structure of portfolio returns. For a size-related  (volume-
related) lead-lag relationship, this requires that within one volume (size) class, two portfolios are of 
equal volume (size), but differ in size (volume). For instance, portfolios P11 and P12 in Table 1A 
should have equal volume but different size, and portfolios P11 and P12 in Table 1B – equal size 
but different volume. This is exactly what we find for our portfolios, at high significance levels (as 
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(volume), as reported in Table 1A (1B). 
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7
 Equally - weighted portfolio returns describe the average return of stocks in a given portfolio, and are used, e.g., by Lo 
and MacKinlay (1990) and Chordia and Swaminathan (2000). Size weighting of stock returns would result in portfolio 
returns biased towards large stocks, and hence would not be a suitable description of the average stock return. 
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indicated by the values of the Z-statistics in the last four columns in Tables 1A and 1B). This 
feature enables us to analyze the size- and volume-related correlation patterns independently from 
each other. We proceed with a preliminary analysis in this section and present further results in 
Section 3. 
First, earlier studies (e.g. Lo and MacKinlay, 1990) found mean portfolio returns to decrease 
in size. This is what we also find, albeit only if the market return decreases (down market, e.g. mean 
return on small portfolio P11DOWN is higher than on large portfolio P12DOWN given equal volume -  
Table 1A). However, if the market return increases (up market), returns tend to be higher for larger 
stocks, given equal volume (e.g. mean return on P31UP and P32UP in Table 1A). Further, Chordia 
and Swaminathan (2000) report a negative relationship between trading volume and returns. Again, 
we find this phenomenon to appear only for down, but not up markets (e.g. mean return on low 
volume portfolio P11DOWN is higher than on high volume portfolio P12DOWN in Table 1B). When the 
market is up, stocks with higher volume have higher returns within each size class. Hence, our 
preliminary findings fit the existing evidence, but also show differences between up and down 
markets. 
Second, if prices adjust slowly to common news (as suggested, e.g., by Brennan et al., 1993; 
Chordia and Swaminathan, 2000), positive autocorrelation in returns should be expected. Moreover, 
if size (volume) is a transmission mechanism for common news, one should expect large (high 
volume) stocks to adjust more rapidly to information than small (low volume) stocks. This would 
imply lower values of the autocorrelation coefficients for large (high volume) portfolios. For the 
relationship between size and autocorrelation (Table 1A), we find autocorrelation in returns to be 
mostly insignificant in the case of up markets, meaning immediate (within one day) adjustment to 
positive market-wide news independent of size. For down markets, we find clear patterns only for 
first-order autocorrelation q
-1 within each volume class. First-order autocorrelations are significant 
and higher for smaller portfolios (e.g. 0.188081 for P11 versus 0.152017 for P12), suggesting 
slower adjustment of small stocks to negative news. This contrasts the findings of McQueen et al. 
(1996) who found small stocks to adjust slower to information than large stocks when the market is 
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up, but no difference in the speed of adjustment when the market is down. However, the finding of 
a negative relationship between return autocorrelation and size for up and down markets is in line 
with the results reported by Chordia and Swaminathan (2000). Our results indicate that, on the 
WSE, autocorrelation arises from the small stocks’ sluggish return reactions to negative news. 
For the relationship between trading volume and lagged return autocorrelation (Table 1B), we 
also mostly find insignificant return autocorrelation for an up market, suggesting immediate 
adjustment to positive news independently from volume. For a down market, first-order 
autocorrelation increases as we move from a low- to a high-volume portfolio within each size class 
(e.g. from 0.208736 for P11 to 0.261315 for P12). This could indicate a slower adjustment of high 
volume portfolio returns to common information when the market is down. This finding is in 
contrast to other studies (e.g. Chordia and Swaminathan, 2000) that find return autocorrelation to 
decrease in trading volume.  
2.3. Methodology 
After a preliminary analysis of descriptive statistics, we follow Brennan et al. (1993) and 
Chordia and Swaminathan (2000) and analyze the cross-sectional lead-lag effects as well as 
estimate the Dimson beta regression models (Dimson, 1979). We also study the volatility spillovers. 
The methodology employed here is discussed in the context of the lead-lag relationship in the 
following section. 
Testing for lead-lag effects 
First, we consider two portfolios, A and B, where returns on B are assumed to lead returns on 
A, but not vice versa. To account for volatility spillovers between these portfolios, a three-step 
procedure similar to that of Conrad et al. (1991) is used. The difference is that, in addition to the 
volatility spillovers from e.g. portfolio B to A, we also control for the possible volatility spillovers 
from the market portfolio M to portfolio A. Our first step is to generate the shocks in returns on 
portfolios A and B, tAu ,  and tBu , , as residuals from the regression of each portfolio returns on its 
 9 
own lagged values as well as on lagged returns of another portfolio. Therefore, the following model 
is estimated for portfolio A and B separately: 
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where itJR −,  ( itKR −, ) indicates the return on portfolio J=A,B (K=A,B) at t-i, DUP is a dummy 
variable that takes on the value 1 if the market return is positive (up market) and zero otherwise, 
and error terms are modeled as a GARCH(1,1) process with tJh ,  being the conditional variance. 
Variable tJu ,  constitutes the return shocks, i.e. the part of return tJR ,  that is independent of own- 
and cross-autocorrelation. 
Second, we generate the shocks to the market portfolio, tMv , , as residuals from the 
following AR(5)-GARCH(1,1) model for market returns: 
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tMv ,  constitutes shocks to market-wide returns, i.e. the part of tMR ,  that is independent of own-
autocorrelation. 
Third, for each portfolio J=A,B we employ lagged squared shocks to the return on another 
portfolio K=A,B, 2 1, −tKu , estimated in model (1), as well as lagged squared shocks to the market 
return, 2
, tMv , estimated in model (2), as explanatory variables in the conditional variance equation. 
These squared unexpected returns are proxies for the variance of unexpected returns on portfolio K 
and the market portfolio M, respectively. Here, we also differentiate between the up and down 
market in the variance equation. Therefore, the following model for each portfolio J=A,B is 
estimated:
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Hence, for e.g.  J=A and K=B, the parameter iA,α  measures portfolio A’s own-autocorrelation at 
lag ‘i’, iB,β  - the impact of portfolio B on portfolio A at lag ‘i’ , and γ3 - the magnitude of volatility 
spillovers from portfolio B to portfolio A, all in the case of a down market. 8 
If an asymmetric lead-lag relationship between returns on B and A exists, we would expect 
lagged returns on B (the large cap/high volume portfolio) to exert significantly larger influence on 
the current returns on A (the small cap/low volume portfolio) than lagged returns on A do on 
current returns on B, after controlling for own-autocorrelations. Hence, the null hypothesis of 
symmetry in the lead-lag patterns is: ∑∑
==
=
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,
1
,
ββ  when the market is down, and: 
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+=+
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)'()´( ββββ  when the market is up. The one-sided alternative hypothesis of the 
lead-lag asymmetry is that the sum of lagged coefficients of the large (high volume) portfolio, B, is 
larger than the sum of lagged coefficients of the small (low volume) portfolio, A. If the null is 
rejected and portfolios A and B differ in size (volume) but are of similar volume (size), we will talk 
about size (volume) leadership. Moreover, if volatility spillovers from portfolio B to portfolio A 
exist after controlling for volatility autocorrelation and the impact of market volatility, the 
parameter 3γ  (for down market, and 33 'γγ +  for up market) should be significantly different from 
zero. 
Testing for speed of adjustment to market-wide news 
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Whereas the above framework makes it possible to measure the speed of adjustment of one 
portfolio’s returns in comparison to another, the Dimson beta regression technique can be employed 
to assess the speed of adjustment of portfolio returns to market-wide information (Chordia and 
Swaminathan, 2000). For each pair of portfolios under consideration (A and B), we form a zero net 
investment portfolio, “zero-portfolio”, that is long in the “leading” portfolio B and short in portfolio 
A. We do it by subtracting returns on A from returns on B. Next, we regress zero-portfolio returns 
on L leads, L lags, as well as the current value of stock index returns (being a proxy for market 
portfolio returns containing common news): 
t
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where tR ,0  equals the return on the zero-portfolio (return on B minus return on A), itMR +,  is the 
return on the market portfolio at t+i, DUP is defined as above, and error terms follow a GARCH(1,1) 
process. If portfolio B adjusts to common information at a higher pace than portfolio A, we should 
observe 0,0 =iβ  (if the market is down, or 0,00,0 ´ == + ii ββ if the market is up) to be positive (since we 
would expect current returns on portfolio B to adjust more rapidly to common news contained in 
current market returns than portfolio A). Also, the sum of lagged coefficients, ∑
−
−=
1
,0
Li
iβ (if the 
market is down, or )´(
,0
1
,0 i
Li
i ββ +∑
−
−=
 if the market is up), should be negative (since it takes 
more time for portfolio A than B to adjust to common news). 
 
3. Empirical results 
In this section, we apply the methodology described above to the data on stocks listed on the 
WSE. We analyze the size- and volume-related lead-lag relationship in returns and volatility in 
subsection 3.1, and the cross-portfolio differences in the speed of adjustment to market-wide news 
in subsection 3.2. 
3.1. Lead-lag models 
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To investigate the importance of own- vs. cross-autocorrelations and the existence of size- 
and volume-related lead-lag effects in portfolio returns and volatility, we first estimate the lead-lag 
models (3) as described in Section 2.3. All models are estimated using 5 lags.9 To investigate the 
size-related (volume-related) effects, we use daily data for volume-size (size-volume) sorted 
portfolios of similar volume (size) and different size (volume), constructed as described in Section 
2.2).  
Size-related return effects 
In Table 2, Panel A, results from the analysis of size-leadership for low-, medium-, and high-
volume stocks are presented. For all cases, the parameter α measures own-, whereas β cross- 
autocorrelation. 
TABLE 2 ABOUT HERE 
For the regressions of small on large portfolio returns (e.g. R11 on R12), in both up and down 
markets we observe lagged returns on the large portfolio to be an explanatory factor for current 
small portfolio returns at the 5% significance level, even after controlling for own-autocorrelation 
of the small portfolio (∑
−
−=
1
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,
i
iJα ). This is the case for either short term (measured by 1,−Kβ  for down 
and 1,1, ' −− + KK ββ  for up market ) or long term causality (∑
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up market) in all three volume groups. However, in the regressions of large on small portfolio 
returns (e.g. R12 on R11), we find only a weak influence of small on large portfolios for the down 
markets (high volume portfolios), but two cases of a significant short-lived impact of a small 
portfolio on a large one in the case of up market (for medium and high volume portfolios). 
The Z-statistics further reveal the size-related lead-lag relationship to be significant for all 
volume groups in the case of down markets. However, when the market is up, we find no significant 
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lead-lag relationship from large to small stocks. Finally, the goodness of fit (as measured by 
adjusted R²) of the large portfolio equations (with returns on large stocks as dependent variables) is 
lower than the same measure for small portfolio equations (with returns on small stocks as 
dependent variables). Generally, these results indicate that cross-autocorrelation in lagged large 
portfolio returns exists independently from own-autocorrelation, and, for the down market, possess 
higher explanatory power for current small portfolio returns than vice versa. This finding is 
consistent with the size-related lead-lag hypothesis, but in contrast to McQueen et al. (1996), who 
attribute lead-lag patterns to the differentiated return behavior in the up market. 
Size-related variance effects 
In Table 2, Panel B, selected parameter values from the variance equation ht from model (3) 
are presented. The significance of the parameter γ3 in the small portfolio equation indicates 
volatility spillovers from the large to the small stocks when the market is down. As can be seen, we 
find this effect to be present for low and high volume stocks (regressions with R11 and R31 as 
dependent variables). This is in line with the findings of Conrad et al. (1991). However, for the 
medium volume portfolios, the opposite is found – shocks to the small portfolios are a significant 
determinant of the conditional variance of large portfolio’s unexpected returns. For the up market, 
we find only one case of significant volatility spillovers from large to small stocks (given by 
33 'γγ + ), but two in the opposite direction – from small to large stocks. Therefore, no definite 
conclusion concerning the direction of volatility spillovers can be made. The volatility spillovers 
observed here are not caused by the market volatility. 
Volume-related return effects 
In Table 3, Panel A, results from the lead-lag analysis of volume leadership for small, 
medium, and large stocks are presented.  
TABLE 3 ABOUT HERE 
                                                                                                                                                                                                
possible for us to account for the well-known day-of-the-week effects in returns. Additional tests with 1-10 lags have 
also been conducted, and conclusions were virtually the same. 
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For the regressions of low on high volume portfolio returns (e.g. R11 on R12), we observe in 
all but one case, in both up and down markets, returns on the lagged high volume portfolio to be an 
explanatory factor for current returns on the low volume portfolio, at the 5% significance level and 
after controlling for own-autocorrelations of the low volume portfolio. This can be seen from the 
significance of short or long term causality, as measured by the lagged beta or the sum of lagged 
betas, respectively. On the other hand, in the regressions of high on low volume portfolio returns 
(e.g. R12 on R11), we find only weak and short-lived significant influence of low on high volume 
portfolios for the down markets, and a significant impact of low on high volume portfolio returns in 
the case of up markets (for large portfolios). 
In general, the asymmetric volume-related lead-lag relationship in returns is found to be 
significant for four out of six cases, as shown by the values of the Z-statistic. The goodness of fit of 
the low-volume portfolio equation (with returns on low volume stocks as dependent variables, e.g. 
R11) is higher than the same measure for the high-volume portfolio equation (with returns on high-
volume stocks as dependent variables, e.g. R12) for each size class, suggesting that lagged high-
volume portfolio returns possess higher explanatory power for current low-volume portfolio returns 
than vice versa. This is in line with the hypothesis that high volume portfolio returns lead low 
volume portfolio returns. For volume-related lead-lag effects, no systematic difference between up 
and down markets can be observed. 
Volume-related variance effects 
In Table 3, Panel B, results from the test of volatility linkages between high and low volume 
portfolios are presented. The significance of parameter γ3 (in down market, and of 33 'γγ +  in up 
markets) indicates volatility spillovers for some portfolios, although no general pattern can be 
observed. These variance spillovers are not driven by the common dependence of portfolios on the 
variance of market returns. 
In sum, for the stocks listed on the WSE we find evidence that portfolio cross-autocorrelation 
exists independently of own-autocorrelation, and that size- and volume-related leadership effects, 
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although not universally present, are independent from each other. These findings are in line with 
those of Lo and MacKinlay (1990) and Chordia and Swaminathan (2000) and others and are in 
contrast to the hypothesis of Boudoukh et al. (1994) stating that cross-autocorrelations are a 
spurious phenomenon. The size-related effects are more prevalent in down than up markets. 
However, the fact that we do not find significant lead-lag relationships for all portfolios analyzed 
suggests, in light of Chordia and Swaminathan’s model, that factors such as size and volume are not 
sufficient proxies for informed trading and are unable to capture a large proportion of informed 
trading. Moreover, although we find several significant volatility spillovers, there is hardly any 
systematic pattern to be observed there. Hence, there is only weak evidence for the WSE stocks in 
favor of asymmetric lead-lag volatility spillovers, as reported in Conrad et al. (1991) for large 
versus small stocks. 
3.2. Dimson Beta Regressions 
Although we have established some empirical evidence in favor of size- and volume-related 
lead-lag patterns in portfolio returns, we are unaware of the sources of these phenomena. In this 
section, we test the hypothesis proposed by Brennan et al. (1993) that the differences in speed of 
adjustment to common news between large (high volume) and small (low volume) portfolio returns 
are the driving factor behind the lead-lag effects observed above. To address the question of the 
source of lead-lag patterns in portfolio returns, we analyze the responsiveness of portfolio returns to 
common information using the Dimson beta technique (Dimson, 1979) as discussed in Section 2.3. 
Specifically, we analyze size leadership by constructing a zero-beta portfolio, in that we subtract 
returns on a small portfolio from returns on a large portfolio within each volume class (Table 4), 
and, for volume leadership, returns on a low-volume portfolio from returns on a high-volume 
portfolio within each size class (Table 5). Next, we regress the zero-beta portfolio returns on five 
leads, five lags, and the current value of the return on the market portfolio, as well as on a set of 
Comment [SLS1]:  
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dummy variables to account for differences in the regression parameters in up and down markets.10 
As an approximation for the market portfolio, we use the stock market index, WIG.11  
Size as information transmission mechanism  
In Table 4, we report results from the regressions of the difference between large and small 
size portfolio returns on the market returns, i.e. model (4) described in Section 2.3. for volume-size 
sorted portfolios. 
TABLE 4 ABOUT HERE 
Generally, the results indicate quicker adjustment of large stocks to common news. 
Specifically, when the market is down, for all volume classes the contemporaneous beta, 0,0β , is 
positive and significant, and lagged beta, 1,0 −β , is negative and significant. These results indicate 
that large portfolios adjust more rapidly to negative common information than small portfolios of 
similar volume. The fact that the sum of lagged betas of the market return is insignificant indicates 
that the speed of lagged adjustment (beyond lag one) to negative common information is equal for 
small and large portfolios. When the market is up, the contemporaneous beta on all portfolios, 
0,00,0 'ββ + , is positive and significant, meaning quicker immediate adjustment of large portfolios to 
positive news. For lagged adjustment, we find the first lagged coefficient, 1,01,0 ' −− + ββ , and the 
sum of lagged betas of the market return to be negative and significant only for high volume stocks. 
Hence, whereas the difference in adjustment speed is short-lasting for low and medium volume 
stocks, there are significant long term differences in the adjustment speed between large and small 
high volume portfolios.  
                                                          
10
 The number of lags has been chosen following Chordia and Swaminathan (2000), to enable comparability of results. 
Moreover, 5 lags makes it possible to account for the day-of-the-week effects in returns. Tests with 1-10 lags have also 
been performed additionally, but results were virtually the same. 
11
 WIG is the total return index including all companies listed at the end of the previous quarter on the main market. 
Weights are calculated based on the market capitalization of the stocks, albeit the individual company’s (sector) 
participation is limited to 10% (30%) of the WIG portfolio. 
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Although we find larger stocks to adjust quicker to common news than small stocks, this fact 
cannot fully explain the size-related lead-lag patterns, as described in Section 3.1. Hence, we 
conclude that size-related lead-lag patterns are only partially caused by the differences in the speed 
of adjustment to common information between large and small stocks, as proposed by, among 
others, Brennan et al. (1993), Badrinath et al. (1995), and Brennan et al. (1998). Another important 
determinant could be the difference in quality of firm-specific news (Yu and Wu, 2001). 
Volume as information transmission mechanism 
To analyze the role of volume as an information transmission mechanism, we estimate 
regressions of the difference in returns between high and low volume portfolios on leads and lags of 
the market portfolio, i.e. model (4) described in Section 2.3. for size-volume sorted portfolios. 
Results are displayed in Table 5. 
TABLE 5 ABOUT HERE 
 The results indicate that the differences in adjustment speed are overall present but rather 
short-lasting. When the market is down, the contemporaneous beta, 0,0β , is positive and highly 
significant for all size classes, indicating quicker immediate adjustment of high volume stocks to 
common news. When the market is up, the differences in the adjustment speed for low and high 
volume stocks are longer-lasting than for medium volume stocks, as can be seen from the 
significance of lagged betas. Generally, low volume small stocks tend to adjust slower to both 
positive and negative market-wide news.  
In sum, our results support the findings of Chordia and Swaminathan (2000) and others that 
that differences in the speed of adjustment to common news are an important, albeit not exclusive, 
driving force behind the lead-lag patterns in portfolio returns. The differences in quality of firm-
specific news (Yu and Wu, 2001) could be another important factor. Moreover, we document 
significant differences in the adjustment to market-wide news between up and down markets. 
Namely, the significance of lagged betas for the former indicates slower adjustment of small and 
low volume stocks to positive than negative market-wide news, as suggested by McQueen (1996). 
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4. Conclusions 
In this paper, we conduct a study on daily return data for the shares traded in the single 
auction system on the Warsaw Stock Exchange during the period January 1996 – October 2000. 
The focus of this paper is threefold. First, we analyze whether the size-related lead-lag relationship 
between portfolio returns (cross-autocorrelation) is a real or spurious phenomenon, attributable 
solely to portfolio own-autocorrelations and contemporaneous cross-autocorrelations in portfolio 
returns (Lo and MacKinlay, 1990, Boudoukh et al., 1994). Second, we analyze the role of trading 
volume in explaining cross-autocorrelation patterns in portfolio returns and its independence from 
size effects. Third, we investigate whether size- and volume-related lead-lag patterns emerge from 
the differences in the speed of adjustment of small vs. large (low vs. high volume) stocks to 
common news. In addition, the framework used also enables us to test for the volatility spillovers 
from the large (high volume) to small (low volume) portfolios and vice versa, as well as for the 
differences between up and down markets. 
We find that cross-autocorrelation of portfolio returns remains even after controlling for a 
portfolio’s own-autocorrelation. This result implies that lead-lag patterns are not spurious, and that 
past returns on large (high volume) portfolios contain information about present returns on small 
(low volume) portfolios beyond that contained in the lagged returns of the latter. Hence, the notion 
proposed by Boudoukh et al. (1994) is not an appropriate description of the source of cross-
autocorrelations of stocks traded on the WSE. However, the fact that some small (low volume) 
stocks seem to lead large (high volume) stocks suggests that other factors, not accounted for in this 
study, such as analyst coverage or institutional ownership, might capture a significant fraction of 
informed trading determining the lead-lag relationship between portfolio returns. Second, we find 
that both size and trading volume contain information about the correlation structure independent 
from each other, and beyond that contained in a portfolio’s own autocorrelation. Third, we provide 
empirical evidence that, for shares traded in the single action system on the WSE, large (high 
volume) portfolios adjust faster to market-wide news than their small (low volume) counterparts. 
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We also find evidence for asymmetry in predicting volatility from large (high volume) to small (low 
volume) portfolios. A further important finding is that the lead-lag patterns differ significantly 
between up and down markets. 
Our results are important for three reasons. First, the correlation structure of returns on stocks 
traded on an inefficient emerging market, the WSE, at its early stage of development, is found to be 
similar to that found for the mature U.S. market. Moreover, information transmission mechanisms 
(size and volume) for stocks traded in the auction system on the WSE turn out to be similar to those 
prevailing in the continuous systems on the U.S. markets analyzed so far in the literature. Hence, 
similar forces of price determination are at play worldwide, regardless of the institutional and 
regulatory differences. These results constitute additional evidence in favor of the theoretical 
predictions that cross-autocorrelations partially result from the differences in the adjustment speed 
among stocks. Second, we find statistically significant predictability in portfolio returns. However, 
the fact that these patterns are not arbitraged away might be due to the lack of their economic 
significance. Nevertheless, as Chordia and Swaminathan (2000) notice, the finding that size and 
volume play a role in the speed of adjustment to news yields important insights into the 
determinants of how of security prices function. Last, Lo and MacKinlay (1990) argue that cross-
autocorrelations are, beyond overreactions, an important source of contrarian profits. Our findings 
imply that lead-lag effects should be taken into account when considering the profitability of 
contrarian investment strategies pursued on the WSE. 
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Table 1A. Descriptive Statistics for Volume-Size Sorted Portfolios  
 
  Return 
Portfolio Market Mean  Median  Stand. dev. 
 
1−q  ∑
−
−=
1
10i
iq  
 
Mean Volume  
x 100 
 
Z-test 
Volume 
 
Mean Size 
 
Z-test 
Size 
           
DOWN -.009070 -.006856 .014199 .188081*** .048012  
0.132806 
 
 
170.104.150 
  
P11 
UP .008497 .006475 .012411 .098466 .033127   
 
1,37 
 
 
 
-69.80*** 
DOWN -.012413 -.008766 .013841 .152017*** -.028195  
0.128483 
 
 
1.693.545.894 
  
P12 
UP .011443 .008599 .012219 .201214 .275985     
DOWN -.009772 -.007040 .014750 .216434*** .146520**  
0.310135 
 
 
59.535.423 
  
P21 
UP .009298 .007864 .012466 .101015 .000080   
 
1,59 
 
 
 
-63.90*** 
DOWN -.013049 -.009588 .015619 .209423*** .138420***  
0.299140 
 
 
402.269.194 
  
P22 
UP .011277 .009028 .013007 .100237 -.073710     
DOWN -.010821 -.008940 .016680 .304049*** .259510***  
0.575547 
 
 
33.598.336 
  
P31 
UP .009863 .007663 .013439 .102217* -.055230   
 
0,08 
 
 
 
-24.51*** 
DOWN -.013463 -.010291 .016006 .241852*** .286800**  
0.573854 
 
 
215.912.807 
  
P32 
UP .011921 .009391 .014840 .069775 -.164690     
 
Data on daily stock prices from the Warsaw Stock Exchange for the period: January1996 – October 2000 has been utilized. Portfolio Pkj 
refers to the portfolio in k-th volume class (where k=1 indicates the low volume and k=3 the high volume portfolio) and j-th size class within 
each volume class (with j=1 for small and j=2 for large portfolios). DOWN (UP) refers to the portfolio characteristics in case of decreasing 
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(increasing) market returns. ‘Stand. dev.’ refers to the standard deviation of portfolio returns, 1−q  refers to the value of the first autocorrelation 
coefficient of portfolio return, and ∑
−
−=
1
10i
iq is the sum of the first ten autocorrelation coefficients. ‘Mean Volume’ refers to the average trading 
volume of stocks in each portfolio, as measured by the turnover ratio (number of shares traded to number of outstanding shares), and ‘Mean 
Size’ refers to the average market capitalization of stocks in each portfolio, as measured in Polish Zloty (PLN). ‘Z-test Volume (Size)’ refers 
to the Z-statistic of the test on equality of average volume (size) within each volume class. Symbols ***, **, * indicate significance at 1%, 
5%, and 10% - levels, respectively. 
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Table 1B. Descriptive Statistics for Size-Volume Sorted Portfolios  
 
   Return  
Portfolio Market  
Mean  
 
Median  
 
Stand. dev. 
 
1−q  ∑
−
−=
1
10i
iq  
 
Mean Size 
 
Z-test 
Size 
 
Mean Volume 
x 100 
 
Z-test 
Volume 
           
 
P11 
DOWN -.009205 -.007173 .014638 .208736*** .075422**  
29,481,284 
 
 
0.395941 
 
 UP .008487 .006985 .012415 .114837** .079891   
 
0.27 
 
 
 
-13.42*** 
 
P12 
DOWN -.011310 -.008711 .016779 .261315*** .128020*  
29,319,853 
 
 
0.668779 
 
 UP .010730 .008512 .014558 .103695 .038785     
 
P21 
DOWN -.010128 -.007769 .014804 .238711*** .315380**  
103,139,909 
 
0.193093 
 UP .009108 .007460 .012112 .041179 -.267230**  
 
 
 
0.57  
 
 
 
-19.20*** 
 
P22 
DOWN -.011376 -.008688 .015500 .246393*** .258280***  
102,000,039 
 
 
0.354170 
 
 UP .010051 .007765 .012912 .106200 .065860     
 
P31 
DOWN -.012315 -.009349 .012768 .099635** -.067766  
1,218,704,660 
 
0.112483 
 UP .011446 .009081 .015096 .218878 .287854  
 
 
 
1.08  
 
 
 
-32.42*** 
 
P32 
DOWN -.014170 -.010025 .015096 .181726*** .125800*  
1,194,909,603 
 
 
0.234215 
 
 UP .012752 .009801 .013775 .120263 .002280     
Data on daily stock prices from the Warsaw Stock Exchange for the period: January1996 – October 2000 has been utilized. Portfolio Pkj 
refers to the portfolio in k-th size class (where k=1 indicates the smallest and k=3 the largest portfolio) and j-th volume class within each size 
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class (with j=1 for low volume and j=2 for high volume portfolios). DOWN (UP) refers to the portfolio characteristics in case of decreasing 
(increasing) market returns. ‘Stand. dev.’ refers to the standard deviation of portfolio returns, 1−q  refers to the value of the first autocorrelation 
coefficient of portfolio return, and ∑
−
−=
1
10i
iq is the sum of the first ten autocorrelations. ‘Mean Size’ refers to the average market capitalization of 
stocks in each portfolio, as measured in Polish Zloty (PLN), and ‘Mean Volume’ refers to the average trading volume of stocks in each 
portfolio, as measured by the turnover ratio (number of shares traded to number of outstanding shares). ‘Z-test Size (Volume)’ refers to the Z-
statistic of the test on equality of average size (volume) within each size class. Symbols ***, **, * indicate significance at the 1%, 5%, and 
10% - levels, respectively. 
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Table 2. Size-Related Lead-Lag Relationship  
Portfolio Low Volume Portfolios Medium Volume Portfolios High Volume Portfolios 
Dep.Variable (J) R11 R12 R21 R22 R31 R32 
Indep.Variables (J,K)  R11, R12 R12, R11 R21, R22 R22, R21 R31, R32 R32, R31 
       
Panel A: MEAN EFFECTS 
DOWN MARKET 
Own-autocorrelation      
1,−Jα  
 
.062035 
 
.086928 
 
.006339 
 
.191325** 
 
.246167*** 
 
.169189* 
 (.415) (.235) (.932) (.013) (.004) (.063) 
∑
−
−=
1
5
,
i
iJα  
 
-.002766 
 
.009191 
 
-.12631 
 
.21633 
 
-.09002 
 
.50996*** 
 (.986) (.953) (.506) (.235) (.614) (.009) 
Cross-autocorrelation      
1,−Kβ   .166971***  .09042  .200221***  .005858  .05399  .10604 
 (.007) (.205) (.001) (.944) (.446) (.267) 
∑
−
−=
1
5
,
i
iKβ  
 
.21374* 
 
-.08174 
 
.23679 
 
-.23824 
 
.42640* 
 
-.31641* 
 (.098) (.615) (.111) (.226) (.080) (.099) 
Z-STAT 1.42* 1.92** 2.97*** 
       
UP MARKET 
Own-autocorrelation      
1,1, ' −− + JJ αα  
 
-.01517 
 
.13873** 
 
.07199 
 
.00956 
 
-.04799 
 
-.04242 
 (.823) (.030) (.361) (.904) (.556) (.604) 
iJ
i
iJ ,
1
5
,
'αα +∑
−
−=
 
 
-.21703 
 
.17198 
 
.35705* 
 
-.36279** 
 
-.02748 
 
-.44008** 
 (.137) (.165) (.057) (.021) (.870) (.033) 
Cross-autocorrelation      
1,1, ' −− + KK ββ   .16760***  .09309  .03156  .16048*  .15378**  .17803* 
 (.004) (.216) (.652) (.055) (.016) (.056) 
iK
i
iK ,
1
5
,
'ββ +∑
−
−=
 
 
.22274* 
 
.12675 
 
-.34051** 
 
.65264*** 
 
.00783 
 
.40115** 
 (.073) (.411) (.028) (.000) (.916) (.042) 
Z-STAT .49 -4.36 -1.52 
       
Panel B: VARIANCE EFFECTS 
3γ  
 
.08615** 
 
-.01419 
 
-.00138 
 
.06098** 
 
.07871** 
 
.00853 
 (.030) (.665) (.907) (.046) (.012) (.802) 
33 'γγ +  
 
.14458*** 
 
.04922 
 
-.02120 
 
.04956** 
 
-.02127 
 
.11373** 
 (.000) (.842) (.316) (.034) (.298) (.019) 
Adj. R2 .026437 -.008789 .040032 .009943 .041170 .017245 
NOB 952 952 952 952 952 952 
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In this table, results for the volume-size sorted portfolios are presented. Data on daily stock 
prices from the Warsaw Stock Exchange for the period: January 1996 – October 2000 has been 
utilized. ‘Rkj’ refers to the return on the portfolio in k-th volume class (where k=1 indicates the 
low volume and k=3 the high volume portfolio) and j-th size class within each volume class 
(with j=1 for small and j=2 for large portfolios). For each dependent variable, the following 
regression has been estimated (Model (3)): 
tJ
L
i
UP
tKiK
L
i
itKiK
L
i
UP
itJiJ
L
i
itJiJtJ uDRRDRRR ,
1
1,,
1
,,
1
,,
1
,,0, ´´ +++++= ∑∑∑∑
=
−
=
−
=
−
=
−
ββααα
UP
tMtM
UP
tKtKtJtJotJ DvvDuuhuh 2 1,42 1,41,231,231,22 1,1, '' −−−−−− ++++++= γγγγγγγ
 
where itJR −,  indicates the return on portfolio J at t-i, D
UP
 is a dummy variable that takes on the 
value 1 if the market is up and zero otherwise, and error terms are modeled as a GARCH 
process, with conditional variance depending additionally on the squared return shocks to the 
portfolio K ( 2 1, −tKu ) and on the squared shocks to the return on market portfolio M ( 2 1, −tMv ). ‘Z-
STAT’ refers to the Z-statistic for the cross-equation test with H0 hypothesis that the sum of 
lagged coefficients on the large portfolio, B, is equal to the sum of lagged coefficients on the 
small portfolio, A ( ∑∑
==
=
L
i
iA
L
i
iB
1
,
1
,
ββ  when the market is down, and 
∑∑
==
+=+
L
i
iAiA
L
i
iBiB
1
,,
1
,,
)´()´( ββββ  when the market is up), against the one-sided alternative 
hypothesis that the sum of lagged coefficients on a large portfolio is greater than the sum of 
lagged coefficients on a small portfolio. ‘Adj. R²’ refers to the value of adjusted R². ‘NOB’ 
refers to the number of observations.  Symbols: ***, **, * indicate significance at the 1%, 5%, 
and 10% levels, respectively. P-values of the t-statistics (for a single parameter) and Wald 
statistics (for the sum of parameters) are in parenthesis.  
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Table 3. Volume-Related Lead-Lag Relationship  
Portfolio Small Portfolios Medium Size Portfolios Large Portfolios 
Dep.Variable (J) R11 R12 R21 R22 R31 R32 
Indep.Variables (J,K) R11, R12 R12, R11  R21, R22 R22, R21  R31, R32 R32, R31 
       
Panel A: MEAN EFFECTS 
DOWN MARKET 
Own-autocorrelation      
1,−Jα  
 
-.03234 
 
.21328*** 
 
.04651 
 
.12812* 
 
-.00988 
 
.09216 
 (.695) (.005) (.550) (.083) (.920) (.365) 
∑
−
−=
1
5
,
i
iJα  
 
-.30002 
 
.02535 
 
-.18739 
 
.21328 
 
-.27621 
 
.29189 
 (.134) (.888) (.363) (.323) (.176) (.161) 
Cross-autocorrelation      
1,−Kβ   
.27791*** 
 
.06426 
 
.20738*** 
 
.17594** 
 
.16063* 
 
.07901 
 (.000) (.428) (.001) (.033) (.075) (.434) 
∑
−
−=
1
5
,
i
iKβ  
 
.39376** 
 
.18193 
 
.52063*** 
 
.10352 
 
.37096* 
 
-.28678 
 (.018) (.405) (.003) (.560) (.050) (.209) 
Z-STAT .77 1.51* 2.22** 
       
UP MARKET 
Own-autocorrelation      
1,1, ' −− + JJ αα  
 
-.03690 
 
.04361 
 
-.02746 
 
.14876* 
 
.24877*** 
 
-.03501 
 (.673) (.570) (.731) (.060) (.004) (.654) 
iJ
i
iJ ,
1
5
,
'αα +∑
−
−=
 
 
-.23532 
 
.05410 
 
-.36391* 
 
.27789 
 
.50622*** 
 
-.39672** 
 (.220) (.760) (.072) (.118) (.007) (.033) 
Cross-autocorrelation      
1,1, ' −− + KK ββ   
.20224*** 
 
.08929 
 
.13430* 
 
.00984 
 
-.00999 
 
.18097** 
 (.006) (.280) (.084) (.914) (.904) (.034) 
iK
i
iK ,
1
5
,
'ββ +∑
−
−=
 
 
.37456** 
 
-.01807 
 
.18572 
 
-.22585 
 
-.22727 
 
.46591** 
 (.020) (.931) (.280) (.274) (.194) (.018) 
Z-STAT 1.49* 1.53* -2.63 
       
Panel B: VARIANCE EFFECTS 
3γ  
 
.09401*** 
 
.08581 
 
.01916 
 
.16985*** 
 
.17617*** 
 
.02725 
 (.001) (.108) (.510) (.000)  (.000)  (.699) 
33 'γγ +  
 
.08649*** 
 
-.01065 
 
.00721 
 
.10219*** 
 
.18123 
 
.04541 
 (.005) (.825) (.805) (.002) (.000) (.423) 
Adj. R2 .046336 .019974 .042448 .022555 -.003042 -.00845 
NOB 952 952 952 952 952 952 
In this table, results for the size-volume sorted portfolios are presented .Data on daily stock 
prices from the Warsaw Stock Exchange for the period: January 1996 – October 2000 has been 
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utilized. ‘Rkj’ refers to the return on the portfolio in k-th size class (where k=1 indicates the 
smallest and k=3 the largest portfolio) and j-th volume class within each size class (with j=1 for 
low volume and j=2 for high volume portfolios). For each dependent variable, the following 
regression has been estimated (Model (3)): 
tJ
L
i
UP
tKiK
L
i
itKiK
L
i
UP
itJiJ
L
i
itJiJtJ uDRRDRRR ,
1
1,,
1
,,
1
,,
1
,,0, ´´ +++++= ∑∑∑∑
=
−
=
−
=
−
=
−
ββααα
UP
tMtM
UP
tKtKtJtJotJ DvvDuuhuh 2 1,42 1,41,231,231,22 1,1, '' −−−−−− ++++++= γγγγγγγ
 
where itJR −,  indicates the return on portfolio J at t-i, D
UP
 is a dummy variable that takes on the 
value 1 if the market is up and zero otherwise, and error terms are modeled as a GARCH 
process, with conditional variance depending additionally on the squared return shocks to the 
portfolio K ( 2 1, −tKu ) and on the squared shocks to the return on market portfolio M ( 2 1, −tMv ). ‘Z-
STAT’ refers to the Z-statistic for the cross-equation test with H0 hypothesis that the sum of 
lagged coefficients on a high volume portfolio, B, is equal to the sum of lagged coefficients on a 
low volume portfolio, A ( ∑∑
==
=
L
i
iA
L
i
iB
1
,
1
,
ββ  when the market is down, and 
∑∑
==
+=+
L
i
iAiA
L
i
iBiB
1
,,
1
,,
)´()´( ββββ  when the market is up), against the alternative one-sided 
hypothesis that the sum of lagged coefficients on a high volume portfolio is greater than the sum 
of lagged coefficients on a low volume portfolio. ‘Adj. R²’ refers to the value of adjusted R². 
‘NOB’ refers to the number of observations.  Symbols: ***, **, * indicate significance at the 
1%, 5%, and 10% levels, respectively. P-values of the t-statistics (for a single parameter) and 
Wald statistics (for the sum of parameters) are in parenthesis. 
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Table 4: Size As Information Transmission Mechanism 
Portfolio Low Volume Portfolios Medium Volume Portfolios High Volume Portfolios 
Dependent Variable R12-R11 R22-R21 R32-R31 
 
DOWN MARKET 
∑
+
+=
5
1
,0
i
iβ  
 
.03347 
 
-.02827 
 
.07061 
 (.510) (.559) (.141) 
0,0β   .24809***  .24162***  .17720*** 
 (.000) (.000) (.000) 
1,0 −β   -.07560***  -.06127***  -.05265** 
 (.002) (.007) (.017) 
∑
−
−=
1
5
,0
i
iβ  
 
-.07558 
 
-.07571 
 
-.073718 
 (.149) (.148) (.107) 
 
UP MARKET 
i
i
i ,0
5
1
,0 'ββ +∑
+
+=
 
 
.01766 
 
-.07855 
 
.04536 
 (.768) (.144) (.287) 
0,00,0 'ββ +   .32190***  .24650***  .17258*** 
 (.000) (.000) (.000) 
1,01,0 ' −− + ββ   -.02254  -.02658  -.07906*** 
 (.311) (.189) (.000) 
i
i
i ,0
1
5
,0 'ββ +∑
−
−=
 
 
.04806 
 
.07016 
 
-.10068** 
 (.387) (.139) (.029) 
Adj. R2 .172318 .153843 .074017 
NOB 946 946 946 
 
Data on daily stock prices from the Warsaw Stock Exchange for the period January 1996 – 
October 2000 has been utilized. Results from the regressions of the zero net investment 
portfolios (long in the large portfolio, short in the small portfolio) on the market portfolio are 
reported. Rkj refers to the return on the portfolio in the k-th volume class (where k=1 indicates 
the lowest and k=3 the highest volume portfolio) and j-th size class within each volume class 
(with j=1 for small and j=2 for large portfolios). For each column, the following equation is 
estimated (Model (4)): 
t
L
Li
UP
itMi
L
Li
itMit uDRRR +++= ∑∑
−=
+
−=
+ ,,0,,00,0 ´ββα , 122 11 −− ++= ttot huh γγγ , 
where tR ,0  equals the return on a zero net investment portfolio (long in the large and short in the 
small portfolio), itMR +,  is the return on the market portfolio at t+i, DUP is a dummy variable that 
takes on value one when the market is up and zero otherwise, and  tu  is the error term modeled 
as a GARCH(1,1) process. The test for significance of the regression coefficient i,0β  ( i,0'β ) is a 
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conventional t-test with H0: 0,0 =iβ  ( 0' ,0 =iβ ). The test for significance of the sum of 
parameters is a Wald test with H0: 0
1
5
=∑
−
−=i
iβ  for the sum of five lags on market return in the 
case of the down market, and analogously for the remaining variables. ‘Adj. R²’ refers to the 
value of adjusted R². ‘NOB’ refers to the number of observations. Symbols ***, **, and * 
indicate significance at the 1%, 5%, and 10% levels, respectively. P-values of the t-statistics (for 
a single parameter) and Wald statistics (for the sum of parameters) are in parenthesis. 
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Table 5: Volume As Information Transmission Mechanism 
Portfolio Small Portfolios Medium Size Portfolios Large Portfolios 
Dependent Variable R12-R11 R22-R21 R32-R31 
 
DOWN MARKET 
∑
+
+=
5
1
,0
i
iβ  
 
-.07379 
 
.06206 
 
-.04405 
 (.155) (.192) (.322) 
0,0β   .16833***  .09483***  .14315*** 
 (.000) (.000) (.000) 
1,0 −β   -.03363  .01282  -.02901 
 (.178) (.608) (.212) 
∑
−
−=
1
5
,0
i
iβ  
 
-.01213 
 
-.05927 
 
-.05762 
 (.796) (.220) (.163) 
 
UP MARKET 
i
i
i ,0
5
1
,0 'ββ +∑
+
+=
 
 
-.03484 
 
.05136 
 
.05382 
 (.497) (.229) (.157) 
0,00,0 'ββ +   .12903***  .08442**  .14105*** 
 (.000) (.001) (.000) 
1,01,0 ' −− + ββ   -.06411***  -.002022  -.05565*** 
 (.005) (.315) (.001) 
i
i
i ,0
1
5
,0 'ββ +∑
−
−=
 
 
-.10174** 
 
.02360 
 
-.06298 
 (.026) (.596) (.132) 
Adj. R2 .083885 .024703 .045606 
NOB 946 946 946 
 
Data on daily stock prices from the Warsaw Stock Exchange for the period January 1996 – 
October 2000 has been utilized. Results from the regressions of the zero net investment 
portfolios (long in the high volume portfolio, short in the low volume portfolio) on the market 
portfolio are reported. Rkj refers to the return on the portfolio in the k-th size class (where k=1 
indicates the smallest and k=3 the largest portfolio) and j-th volume class within each size class 
(with j=1 for low volume and j=2 for high volume portfolios). For each column, the following 
equation is estimated (Model (4)): 
t
L
Li
UP
itMi
L
Li
itMit uDRRR +++= ∑∑
−=
+
−=
+ ,,0,,00,0 ´ββα , 122 11 −− ++= ttot huh γγγ , 
where tR ,0  equals the return on a zero net investment portfolio long in the high volume and 
short in the low volume portfolio, itMR +,  is the return on the market portfolio at t+i, D
UP
 is a 
dummy variable that takes on value one when the market is up and zero otherwise, and  tu  is the 
error term modeled as a GARCH(1,1) process. The test for significance of the regression 
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coefficient i,0β  ( i,0'β ) is a conventional t-test with H0: 0,0 =iβ  ( 0' ,0 =iβ ). The test for 
significance of the sum of parameters is a Wald test with H0: 0
1
5
=∑
−
−=i
iβ  for the sum of five lags 
on market return in the case of a down market, and analogously for the remaining variables. 
‘Adj. R²’ refers to the value of adjusted R². ‘NOB’ refers to the number of observations. 
Symbols ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively P-
values of the t-statistics (for a single parameter) and Wald statistics (for the sum of parameters) 
are in parenthesis. 
